We seek to disentangle the effect of knowledge about an environmental good on respondents' propensity to ignore one or more attributes on the choice cards in a discrete choice experiment eliciting people's preferences for increased protection of cold-water corals in Norway. We hypothesize that a respondent's level of knowledge influences the degree to which she ignores attributes. Respondents participated in a quiz on cold-water coral prior to the valuation task and we use the result of the quiz as an ex-ante measure of their knowledge. Our results suggests that a high level of knowledge, measured by a high quiz score, is associated with higher probabilities of attendance to the three non-cost attributes, although this effect is only significant for one of them. A higher quiz score is also associated with a significantly lower probability of attending to the cost attribute. Furthermore, although being told your score has mixed directional effects on attribute nonattendance, it does not significantly affect the probability of attending to any of the attributes. Finally, allowing for attribute non-attendance leads to substantially lower conditional willingness-to-pay estimates. This highlights the importance of measuring how much people know about the goods over which they are choosing, and underlines that more research is needed to understand how information influences the degree to which respondents ignore attributes.
1.
Introduction:
In environmental economics, it is common to use stated preference methods to elicit people's preferences for environmental goods. For some such goods, scientific knowledge is limited and public awareness is low. This lack of familiarity poses a problem for the use of stated preference in cost-benefit analysis of public policy choice, since it implies making policy recommendation based on the preferences of "uninformed" respondents. For goods such as biodiversity conservation, it is therefore necessary to provide information about the relevant aspects of the environmental good prior to the valuation task, and do so in a manner that is meaningful to respondents (Álvarez-Farizo and Hanley, 2006, MacMillan et al., 2006) . In the following, we make a distinction between exogenous information leading to objective knowledge, e.g. provided by the survey instrument, and endogenous information leading to subjective knowledge, e.g. gained through experience (Cameron and Englin, 1997) . Information from both sources determines a respondent's knowledge about the environmental good.
We use data from a discrete choice experiment eliciting people's preferences for increased protection of coldwater coral off the coast of Norway (Aanesen et al., 2015) . Most cold-water corals are found between 200m -400m below the surface, and are considered biodiversity hot spots in the deep sea and unique habitats for a number of species (Hovland and Mortensen, 1999 , Husebø et al., 2002 , Freiwald et al., 2004 . Although research on the ecosystem functions of cold-water corals is still limited, some research suggests that they may have important nursery and refuge functions for some species of groundfish (Stone, 2006 , Edinger et al., 2007 .
However, despite their apparent beneficial ecosystem services, their condition worldwide is threatened by deep sea trawling, oil and gas exploration, and deep water mining , Freiwald et al., 2004 . As cold water corals are unfamiliar to most people and direct experience with them is unlikely (since they are found below the depths which people normally dive to), we consider a respondent's knowledge about this environmental good is mainly acquired through exogenous information provided in the course of a stated preference survey. Unfamiliarity with cold water corals is also the reason why the data used here was gathered in a series of valuation workshops (Alvarez-Farizo et al., 2007 , MacMillan et al., 2002 , Aanesen et al., 2015 . In each workshop, the respondents received an initial presentation about cold-water coral immediately followed by a quiz over the material covered. We explore the link between the answers respondents gave to the quiz, yielding a measure of their knowledge, and their likelihood of ignoring one or more attributes on the choice cards. As such, we investigate the connection between three important strands of the choice modeling literature.
The first concerns the effects of information and experience on stated preferences, an issue that has been of interest to practitioners since the first applications of contingent valuation to environmental goods. Early contributions to this literature are summarized in Munro and Hanley (2001) . For example, Cameron and Englin (1997) found that experience with fishing significantly increased willingness-to-pay (WTP) for a doubling of the trout abundance in the North East United States. Recent studies have connected information and experience to how deterministic the choice process appears from an econometrician's perspective. For example, Czajkowski et al. (2014a) find, in a stated preference study on biodiversity conservation management of Red Grouse in the UK uplands, that respondents receiving more complete and positive information have a more deterministic choice process, as seen from a practitioner's perspective, but they observe only minor differences in WTP. In another study on the willingness-to-pay for beach water quality improvement among recreational beach users, Czajkowski et al. (2014b) find that as experience increase, preferences become more deterministic from a practitioners point of view, where experience is measured as number of days visiting the beach per year.
The second relevant strand of literature concerns the way in which respondents make choices under complexity, and the extent to which they fall back on heuristics. The more cognitive effort that is required on part of the respondent to complete a discrete choice experiment, the more likely it is that he or she will use a simplifying strategy or heuristic. The effort required by a respondent is increasing in choice task complexity, as measured for example by the number of attributes, levels, alternatives, or tasks (Caussade et al., 2005 , Blamey et al., 2002 .
The focus of this paper is on one specific heuristic, which consists of simply ignoring one or more of the attributes when choosing between alternatives in the choice task, a behavior known as attribute non-attendance (see e.g. Alemu et al., 2013 , Campbell et al., 2011 , Carlsson et al., 2010 , Scarpa et al., 2009 . For example, Hensher (2006) finds evidence suggesting that the processing strategy adopted by a respondent is dependent on the nature of the information provided (its relevancy) and not strictly its quantity, where the amount of information is measured as the number of attributes associated with each choice set (p. 820). Kosenius (2013) , in a discrete choice experiment on water quality in Finland, finds that geographic proximity to the water body, a rather inexact proxy for familiarity/knowledge of water quality issues, is related to lower levels of stated attribute non-attendance. Hoehn et al. (2010) shows that presenting alternatives and attributes as text makes comparison of alternatives more difficult compared to a tabular presentation, and that the former leads to larger variance estimates and greater use of heuristics, in particular attribute elimination.
A related stream of research highlights the role of experience on being predisposed to different cognitive biases.
For example, more experienced traders in a market for sports memorabilia were less prone to the endowment effect and likely to engage in more trades relative to inexperienced traders (List, 2003 , List, 2011 . Similarly, Feng and Seasholes (2005) found that experienced stock traders are less likely to suffer from the disposition effect, which is a reluctance to realize losses and an eagerness to realize gains. In other words, keeping a losing stock too long and selling a winning one too quickly. Trader experience significantly reduced loss sensitivity, but had limited effect on gains. A study of NY cab drivers show that experienced drivers work more on days where the earning potential is higher and less on days when it is worse, suggesting that these drivers are less prone to the bias of fixed working hours (Camerer et al., 1997) .
The third relevant strand of the literature is that concerned with the nature of the utility function and whether people are indeed willing to make trade-offs between all attributes which are used to describe their choices (Colombo et al., 2013) . Several papers within the stated preference literature have considered the implications of lexicographic preferences, where individual refuse to accept any increase in one desirable attribute to compensate for a decrease in a second desirable attribute (Rekola, 2003) . Or, individuals may only be willing to make trade-offs between a pair of desirable attributes within certain ranges of values for these attributes -the cut-offs model (Bush et al., 2009) . If the individual is unwilling to accept trade-offs (if they have "noncompensatory" preferences), then this may manifest as an unwillingness to pay attention to these attributes.
To test our hypothesis that knowledge of the good is linked to attribute non-attendance, we implement a discrete and continuous mixture model. We classify respondents into low-and high-knowledge groups based on whether they scored below/above the mean quiz score, and include this variable in the probability functions of attending to the different attributes, i.e. as a covariate to explain membership to different latent classes. We also test for the effects of receiving an external signal about the extent of one's knowledge about the environmental good. Respondents were randomly assigned into a treatment group, where they were told their quiz score prior to filling in the choice cards, or a control group that was not told their score (La Riviere et al., 2014) . The external signal confirms to an individual the extent to which they are well-informed about cold water corals. We can thus explore how knowing how well or how badly you did on the quiz influences the likelihood of being predicted to have attended to or to have ignored an attribute.
Our results suggest a link between knowledge and attribute non-attendance. We find that scoring above the average in the cold water coral quiz is associated with a higher probability of attending to three environmental and ecological attributes of cold water coral conservation, although the effect is only significant for one out of three. A higher quiz score also results in a significantly lower probability of attending to the Cost attribute. This result holds irrespective of whether a respondent was informed about her score. Furthermore, we find that being told your score causes mixed effects on attribute non-attendance: for three out of four attributes, knowing your score is linked to smaller differences in predicted probabilities of attendance between low-and high-scoring respondents, although this effect is insignificant. Finally, we find that allowing for attribute non-attendance leads to substantially lower willingness-to-pay estimates, a result which others have obtained.
Data
We use data from a discrete choice experiment (DCE) aimed at eliciting the Norwegian population's preference for increased protection of cold-water coral off the coast of Norway (Aanesen et al., 2015) . In the DCE we asked respondents to choose between two alternatives for increased cold-water coral protection and the situation today of only limited protection, which comes at zero additional cost. Each policy alternative was described by four attributes: the size of the protected area (Size), whether the area is important for the oil-and gas industries and/or commercial fisheries (Industry), whether the area is an important habitat for fish (Habitat), and the cost of each management scenario measured as a lump sum increase in annual national taxes (Cost). For example, the attribute Industry -Fisheries takes on the value of one if the area being protected is important for the fisheries. If true, then that means fishermen will have to relocate to other fishing grounds. As such, this attribute captures the likely impact of increased protection on industry. The Habitat attribute, on the other hand, takes on the value of one if the protected area is important habitat for fish and zero otherwise 1 . We show a sample choice card in Figure 1 . The choice cards were constructed using a Bayesian efficient design where efficiency 1 To clarify, the SQ level of the Habitat attribute "somewhat important" captures that of the 2500 sq. km. currently protected, some reefs have large congregations of fish while others do not. This level only enters the SQ alternative. We are cognizant that this might lead to confounding with the SQ alternative. In the non-SQ alternatives it is either "important" or "not important" to maintain this uncertainty while still providing respondents with an understandable choice.
was determined based on minimizing the d-error (Scarpa and Rose, 2008 Aanesen et al. (2015) . This data has also been used by Sandorf et al. (2016) to compare valuation workshops with a probability based internet panel to assess the suitability of such panels to value complex and unfamiliar goods, and by La Riviere et al. (2014) to examine the effect of knowledge and objective signals on willingness-to-pay.
Each valuation workshop was led by the same moderator and assistant, and as part of the valuation workshop, respondents received the same 25-minute presentation about cold-water corals and were given the opportunity to ask clarifying questions. The presentation was developed based on current knowledge about cold-water corals and covered topics such as what are they, where they can be found, current protection and human impacts (e.g. threats). The last part of the presentation emphasized that increased protection leads to increased management costs and increased costs to industry that might have to relocate their activities. For example, fishermen having to find other, perhaps less attractive, fishing grounds and the oil-and gas industry having to consider different routes for pipelines or alternative placements for platforms. Immediately following the presentations, respondents answered a quiz with eight questions about cold-water corals related to the material covered in the presentation. The quiz covered knowledge about the ecosystem. The quiz and the answers can be found in Appendix A. In this paper, we use a respondent's score on the quiz as a measure of their knowledge of the environmental good. Following this, and before filling in their choice cards, respondents received a second 5-minute presentation, this time focused on explaining the discrete choice experiment they would be faced with, including the attributes and levels. This presentation gave equal weight to each attribute and linked choices which people would be asked to make with the information provided in the first presentation.
Figure 1 -Sample Choice Card (Translated into English)

Empirical Approach
In this section we describe the empirical approach and outline the discrete mixture random parameter logit model. We use a discrete mixture to probabilistically sort respondents into classes where attributes are either considered or ignored, and combine this with a random parameter logit model to uncover preference heterogeneity among respondents. We chose this approach for two reasons. First, it is computationally simpler (i.e. fewer estimated parameters) to estimate four probability functions, i.e. the probability of attending to each attribute as a function of the quiz score, and then construct a discrete mixing distribution as opposed to estimate separate probability functions for each class. Second, it makes the interpretation of the coefficients pertaining to hypothesis testing easier.
We test the following two hypotheses:
H1: The probability of attending to an attribute differs between the low-and high-knowledge groups, and H2: being provided with an external signal about the extent of knowledge about the environmental good affects the attribute processing strategy adopted.
To introduce the notation we start by specifying a linear utility function that is separable in cost and other attributes. We assume that respondent i's utility from choosing alternative j in choice situation t can be expressed as:
where is a vector of parameters to be estimated, are the levels of the attributes and is an i.i.d. type I extreme value distributed error term with constant variance π 2 /6. Given these assumptions, the probability of the sequence of choices made by respondent i is given by the multinomial logit model in Equation 2.
where = < 1 , 2 , … , > and Q is the total number of alternatives.
Respondents may use a number of different attribute processing strategies, but in this paper, we focus on one:
attribute non-attendance. For simplicity, we assume that an attribute is either fully attended to or not, rather than including cases where people only partly attend to an attribute (Erdem et al., 2015 , Colombo et al., 2013 .
With four attributes, we end up with 2 4 =16 possible combinations of attributes being attended to or not, i.e. 16 AN-A classes. We consider AN-A by assuming that we can probabilistically classify each respondent into one of the sixteen classes, where each class corresponds to one combination of attending to or ignoring attributes.
Instead of specifying and estimating the probabilistic membership for each of the sixteen classes independently, we use a discrete mixture modelling framework. In a discrete mixture model, the parameters can only take on a finite number of values (see e.g. Hess et al., 2007 , Hole, 2011 . In our case, we use this to estimate the share of respondents who attend to or ignore each attribute. The (unconditional) probability that respondent i attends to attribute k is denoted by 1 , and we estimate separate probabilities for each subgroup (defined on the basis of having a low/high quiz score and whether or not the respondent was informed of their quiz score). The probability that respondent i ignores the attribute k, denoted by 0 , is therefore 0 = 1 − 1 . Next, we use these probabilities to define the discrete mixing distribution. Let = 1, … , be an index over all possible combinations of the probabilities 1 and 0 , which represents the discrete mixing distribution.
We consider attribute non-attendance by restricting the parameter on the ignored attribute to zero in the likelihood function . We accommodate this by introducing a vector of dummy variables, , that take on the value zero for classes in which the corresponding value of 0 is used to determine the class probability, , and one otherwise.
So far, we have assumed that all respondents (who consider the attributes) have the same marginal utilities.
However, this is unlikely to be the case. For this reason, we allow for heterogeneous preferences, i.e. different marginal utilities of attributes across respondents, by allowing for random variations in the parameters. Let Θ represent the vector of random parameters and Ω denote the mean and variance of these parameter distributions, then we can denote the joint density of the parameters by (Θ|Ω). The unconditional probability becomes the weighted integral over the logit formula over all possible values of the parameters as seen in
Equation 5.
This integral does not have an analytical solution, but is approximated through simulation. Thus, our model represents a combination of a discrete and a continuous mixing model. Such models have previously been applied by e.g. Hole (2011) , Doherty et al. (2013) , Campbell and Doherty (2013) and Campbell et al. (2014) .
Finally, we can obtain the conditional (i.e. individual specific) class membership probabilities (Equation 6) and conditional willingness-to-pay estimates (Equation 7) using Bayes' theorem as follows (see e.g. Train, 2009 ):
( 7) where = − / cost . Notice that we weight the estimates by the conditional probability of being in a particular class. It is important to stress that when we calculate willingness-to-pay from an attribute non-attendance model, we only include classes in which both the non-cost and cost attributes are considered. In the case where either is ignored, willingness-to-pay is undefined. The mean of a conditional distribution gives an indication as to where a given respondent is most likely to lie on the willingness-to-pay distribution (Hess, 2010) .
4.
Results:
Sample Description and Quiz Responses
Participants in the valuation workshop were sampled to be representative with respect to age and gender within the geographic locations. Looking at the composition of the sample (Table 1) , we see that in terms of these characteristics, the sample matches the Norwegian population fairly well, albeit is skewed towards more educated and higher income individuals. The maximum attainable quiz score was eight correct answers. We show the distribution of the quiz scores in Table 2 2 . The mean score is 6.5 and the median score is seven correct answers. This means that 56 percent scored above the mean, i.e. median or higher. Approximately half of the sample were told their score prior to completing the valuation tasks. Interacting the dummies indicating score and treatment, we get four groups of roughly the same size: 27 percent scored above the mean and were told their score, 22 percent scored below the mean and were told their score, 29 percent scored above the mean and were not told their score and 22 percent scored below the mean and were not told their score. with a more consistent choice process, but that receiving an objective signal had no significant impact. Using a multinomial logit model with interaction effects they find that scoring above the average and being told your score, significantly increase willingness-to-pay, although this result is driven by the Size attribute. While using the same data, the investigations in this paper departs from La Riviere et al. (2014) in one important way: We explore how knowledge about the good under consideration affects the probability of ignoring one or more attributes on the choice cards, and how receiving an external signal about your score cause changes in this probability. As such, we do not consider the same hypotheses as La Riviere et al. (2014) .
Estimation results
In order to test our hypotheses, we consider three models. Model 1 is a random parameters logit model, which serves as a reference for comparison and Model 2 and Model 3 are combinations of discrete and continuous mixture models to reveal attribute non-attendance and preference heterogeneity. In Model 2, we retrieve separate probabilities of attending to an attribute for respondents who scored below and above the average on the quiz. Model 3 is similar to Model 2, but with probabilities broken down for respondents who were and who were not told their quiz score. We report the unconditional probabilities of attendance to each attribute. We assume that the parameters on the non-Cost attributes follow a normal distribution and that the Cost parameter follows a lognormal distribution (with sign change). All three models are estimated using Ox version 7 (Doornik, 2007) . Specifying the Cost parameter to follow a lognormal distribution implies that all respondents have a positive marginal utility of income and the willingness-to-pay distributions have defined moments (Daly et al., 2012) . The models were estimated using 1000 scrambled Halton draws (Bhat, 2003) . We report the results of the estimation in Table 3 3 . 3 We are cognizant that our sample size of 397 respondents is relatively small given the complexity of our chosen models. The concern is that simultaneously addressing attribute non-attendance and preference heterogeneity and retrieving separate unconditional probabilities of non-attendance for those who scored below and above the average on the quiz and then for those who were and who were not told their quiz score First, we look at the random parameters logit model (Model 1). In this model, we assume that a respondent attends to all the attributes. From Table 3 , we see that the mean parameter estimates on the attributes Size, Industry -Fisheries and Habitat are significant at the one percent level, and that the mean parameter estimates on Industry -Oil/Gas and Cost are insignificant. Furthermore, a large increase in the protected area is preferred to a small increase. Results for the industry attribute are interesting. On average, whether an area is important for the oil-and gas industry does not influence utility, but if the area is important for fisheries, we have a positive influence on utility as such sites are designated for protection. One possible explanation is that during the presentation, respondents received information that the biggest threat to the cold-water coral reefs is bottom trawling. Protecting the area means reduced fishing pressure and hence reduced damage to the reefs.
Furthermore, people have a strong preference for protecting an area that is important habitat for fish. The standard deviations of the parameter distributions are all highly significant for all attributes and, except for
Habitat, larger than the corresponding mean values, indicating considerable preference heterogeneity.
leads to a proliferation of parameters and, therefore, loss of parsimony. While this will better ensure the observed data is fitted well, it comes at the risk of being tailored too closely to the data, which compromises the ability to generalize the model beyond the existing dataset. This said, choosing a model that overlooks preference heterogeneity involves making unrealistically simple assumptions and can lead to considerable bias and poor prediction since the confounding between attribute processing and preference heterogeneity is not addressed (see Hess et al., 2013) . Retrieving unconditional probabilities of non-attendance at the aggregate sample level leads missed opportunities for insight, meaning that the model will not be flexible enough to describe the role of knowledge well. , and consider attribute non-attendance by restricting the parameter on the ignored attribute to zero in the likelihood function in the class in which the attribute was assumed ignored . From Table 3 , we see that the mean parameter estimates on Size,
Habitat and Cost are significant at the one percent level, the estimate on Industry -Oil/Gas is significant at the ten percent level and the estimate on Industry -Fisheries is insignificant. The unconditional probabilities provides clear evidence that a large share of the sample did not consider all attributes. Importantly, we draw attention to the fact that considering AN-A has a bearing on the means and standard deviations uncovered for the attributes. In particular, we see that the Cost attribute is now highly significant (note that the parameters relate to the underlying Normal distribution). Moreover, while evidence of substantial preference heterogeneity among respondents remains, we now find that the standard deviations are relatively smaller compared to their respective means for all attributes, except for Industry. Crucially, this gives a clear signal that the preference heterogeneity retrieved in the naïve model is confounded with non-attendance. This is consistent with Hess et al. (2013) , and further highlights the need to disentangle preference and processing heterogeneity.
A comparison of the retrieved (unconditional) probabilities of attending to the attributes for respondents scoring below and above the average on the quiz (i.e., low and high levels of knowledge) reveals an interesting finding.
For all non-Cost attributes we see a higher incidence of attribute non-attendance among respondents whose quiz score was below average. However, we find the reverse pattern for the Cost attribute-high scoring respondents are less likely to attend to Cost (recall that the quiz did not cover issues over costs). To further shed light on the issue and to corroborate our first hypothesis, in Table 4 , we present test statistics of the differences in unconditional probabilities of attribute attendance. From this, we can see that the differences in rates of attendance between the two subgroups are only statistically significant for the Habitat and Cost attributes. A visual inspection of the conditional probabilities of attendance (Figure 2 ) reveals the same general results. We see that respondents scoring above the average are more likely to have a higher predicted probability of attendance to the three non-cost attributes, and a lower predicted probability of attendance to the cost attribute. Although, the results are more mixed for the Size and Industry attribute, which is likely why we do not observe a significant difference between the unconditional probabilities. Looking at the conditional probabilities of attending to the Habitat and Cost attribute we observe the same clear relationship as uncovered by the unconditional probabilities in Table 3 , in that respondents with a high score are more likely to attend to the Habitat attribute, and less likely to attend to the Cost attribute.
Figure 2-Conditional Probabilities of Attendance (Model 2)
In Model 3, we test how receiving an external signal about the extent of knowledge about the environmental good affects the probability of attending to the attributes. We uncover different probabilities of attending to each of the attributes based on whether a respondent scored below or above the average and were and were not informed of their score. From Table 3 , we notice that the estimated distributions of preferences in the sample are very similar to those obtained in Model 2, with a marginal improvement in model fit. However, the AIC statistic and pseudo R-squared, suggests that the model is less parsimonious. Still, we find evidence of preference heterogeneity as evident by the significant standard deviations.
Turning to our hypothesis, we now look at respondents scoring below/above the average and whether or not respondents were told their score prior to the valuation task (La Riviere et al., 2014) . In line with findings gathered from Model 2, scoring above the average on the quiz is linked to a higher probability of attending to the three non-cost attributes, but a lower probability of attending to the cost attribute, for both respondents who were and were not told their score. Again, this effect is only significant for the Habitat and Cost attributes for respondents who did not know their score (Table 5) . We observe a mixed directional effect in the probability of attendance between respondents scoring below the mean and were/were not told their score and scoring above the mean and were/were not told their score, although none of these differences are significant. This suggests that being told your score does not affect attribute non-attendance rates. A final observation, except for the Industry attribute, the difference in the probability of attendance between low-and high-scoring respondents is smaller, in absolute terms, for respondents who were told their score. attribute, we see that scoring above the average and not knowing your score is associated with a higher probability of attendance, whereas knowing your score yields mixed results. For the Industry attribute, it seems that scoring above the average is associated with higher probability of attendance, but the results are mixed.
Looking at the conditional probability of attending to the Habitat attribute, we see that scoring above the average is associated with a higher probability of attendance irrespective of whether or not the respondent knew, but that the relationship is stronger if they did. For the Cost attribute, we observe that the conditional probability of attendance is lower for high-scoring respondents irrespective of being told their score.
Figure 3 -Conditional probabilities of attendance (Model 3)
So far, our results show that scoring above the average in the cold water corals quiz is associated with a higher probability of attending to the non-cost attributes and a lower probability of attending to the Cost attribute, irrespective of being told your score, although this effect is only significant for the Habitat and Cost attributes.
Receiving information about how well you did on the quiz causes mixed impacts on attribute non-attendance, but in general it reduces the difference between respondents scoring above and below the average on the quiz.
While we provide exogenous information to respondents, which should translate into objective knowledge, the presentation of information and our measure of knowledge could influence results
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. However, we took every measure to make sure that the presentation of information about cold-water coral was balanced and that the information about the discrete choice experiment gave equal weight to each of the attributes. The quiz was only concerned with knowledge about the ecosystem itself and as such was neutral with respect to the attributes used in the discrete choice experiment. Taking a closer look at the connection between our measure of knowledge and education we find that scoring above the average on the quiz is practically uncorrelated with university education (0.087). Furthermore, we ran a probit model with scoring above the average as the dependent variable and included several socio-economic indicators as the independent variables. The results
show that university level education does not significantly influence scoring above the average on the quiz 6 . As such, our measure of knowledge should be independent of education level 7 .
The question still remains, why we observe that scoring above the average is associated with a lower probability of attending to the cost attribute. A few possibilities come to mind. First, respondents have firsthand experience with money and, as such, are familiar with it. It is possible that they understood the cost attribute better than they understood the environmental attributes. Consequently, variations in their knowledge of the good might influence the probability of attendance to the non-Cost attributes differently. Second, the fact that they receive information about cold-water coral might give the impression that these ecosystems are particularly important and that we need to protect them, even though we made every effort to provide balanced and objective 5 We thank a reviewer for pointing this out. 6 These results are available from the corresponding author upon request. 7 While we cannot fully disentangle why a respondent scored high or low on the quiz, whether due to knowledge gained, interest in cold-water corals or simply luck, we do acknowledge the point made by a reviewer that this could have a bearing on whether they considered an attribute or not. However, while this could have added more insight, we do not feel that it would have changed our findings with respect to the hypotheses tested here.
information. Thus, we observe the tendency that increased knowledge reduces the probability of attending to the cost attribute. Third, we know that a substantial share of our respondents have higher education. Although our measure of knowledge is independent of education, higher education is associated with higher income, and given diminishing marginal returns on income, money might be of less importance to high income respondents.
Fourth, it is possible that it simply reflects a higher preference for cold-water coral protection for this group.
Willingness-to-pay
Here we report descriptive statistics of the means of the conditional (i.e. individual-specific) willingness-to-pay distributions. The mean of a conditional distribution gives an indication as to where a given respondent is most likely to lie on the willingness-to-pay distribution. We report the mean, median and 2.5 and 97.5 quantiles of the conditional willingness-to-pay distributions derived from Model 1, Model 2 and Model 3 in Table 6 , Table 7 and Table 8 , respectively. The willingness-to-pay estimates are conditional on the respondent's choices, the distribution parameters and attribute levels and, importantly, on respondents considering both the non-Cost and Cost attributes. Note that in the case where the respondent ignored either the Cost or the non-Cost attribute, we have no information on the marginal utilities and consequently WTP is undefined.
Willingness-to-pay is reported in Norwegian Kroner (NOK) and at time of writing the exchange rate is € 1 = 8.63
. We see that the willingness-to-pay estimates from Model 1 are relatively high (Table 7) 9 . This high willingness-to-pay is possibly the result of attribute non-attendance and some respondents not considering cost.
Furthermore, the lognormal distribution forces a large mass to be close to zero, a point that is underscored by the mean estimate on cost for the underlying normal distribution in Model 1 being insignificant, but becomes highly significant in Model 2 and Model 3 when attribute non-attendance is considered. From follow-up questions after the choice tasks, we know that 12 percent of respondents stated that the Cost attribute was not important when they made their choices between alternatives. Furthermore, the average conditional probability of being in a class where Cost was predicted to be ignored is 44.41 percent under the specification in Model 2 and 43.91 percent under the specification in Model 3. Not surprisingly, a large share of respondents is predicted to have extremely small marginal utility of money under Model 1. For this dataset, the implications of overlooking non-attendance of cost are clear to see, since we get very high willingness-to-pay estimates (because the denominator is very close to zero). When we look at the willingness-to-pay derived from Model 2 (Table 7) and Model 3 (Table 8) , we see that they are substantially lower, a result that is in line with the majority of studies looking at attribute non-attendance (see e.g. Colombo et al., 2013 , Scarpa et al., 2013 , Campbell et al., 2008 . Because we accommodate different class memberships, the conditional willingness-to-pay distributions differ for respondents above/below the median (Model 2) as well as for those being told/not being told their quiz score (Model 3). From the results in Table 7 we observe that scoring above the mean is associated with lower mean WTP, except for a large increase in the protected area and whether the protected area is important for the oiland gas industry. From Table 8 , when we also consider whether respondents received their score, we observe that scoring above the mean is associated with higher mean conditional WTP, except for industry-fisheries for treated individuals. In general, receiving your score is associated with lower mean conditional WTP for size-small and size-large irrespective of your score. Scoring below the mean and receiving your score is associated with higher mean conditional WTP for both the industry and habitat attributes. Scoring above the mean is associated with a slight increase in mean conditional WTP for industry-oil/gas, a slight decrease for industry-fisheries and marginal change in mean conditional WTP for habitat 10 . 10 It is important to stress that we are not testing the same hypotheses as La Riviere et al. (2014) , and that these findings are conditional on respondents attending to both the cost and non-cost attributes. As such this result is not directly comparable to the result of La Riviere et al. (2014) . We set out to disentangle the effect of knowledge about an environmental good on attribute non-attendance, using data from a discrete choice experiment on cold-water coral protection in Norway. Specifically we tested two hypotheses. First, that the probability of attending to an attribute differs between the low-and highknowledge groups, and second, that being provided with an external signal about the extent of knowledge about the environmental good affects the probability of attendance. We undertook these tests by estimating a combination of discrete and continuous mixture models, where we probabilistically classified respondents into 16 classes, each describing one combination of attending to or ignoring a particular attribute.
Four attributes described each alternative in the discrete choice experiment: The size of the area, the importance of the area for two different industries, the importance of the area as habitat for marine life and the cost of the management scenario. Our results indicate that there is a link between knowledge and attendance (nonattendance). We observe that scoring above the average on the quiz, a measure of high knowledge, is associated with an increase in the predicted probability of attending to the Size, Industry and Habitat attributes, and a decrease in the predicted probability of attending to the Cost attribute. The difference in predicted probability of attendance is significant for the Habitat and Cost attribute.
Allowing the probability of attending to an attribute to be a function of whether a respondent scored above the average on the quiz and received his or her quiz score prior to filling in the choice tasks, influences the predicted probability of attendance differently for different attributes and levels of knowledge. We observe that scoring above the average in the quiz is associated with a higher predicted probability of attending to the Size, Industry and Habitat attributes and a lower predicted probability of attending to the Cost attribute, irrespective of whether the respondent were told his or her score, with significant effects for the Habitat and Cost attributes for respondents who did not know their score. This indicates that receiving an external information signal does not affect the probability of attending to an attribute. Furthermore, it seems that the difference in predicted probability of attendance for the Size, Habitat and Cost attributes is smaller between low-and high scoring respondents who were told their score, compared to those who were not, although these effects were insignificant.
In our dataset, we find that attribute non-attendance is prevalent and that failing to consider this leads to rather high willingness-to-pay estimates. We consider it important to be aware of respondents' propensity to ignore attributes because it might lead the researcher to draw the wrong conclusion regarding respondents' willingness-to-pay.
This paper shows that knowledge about the environmental good may influence a respondent's propensity to ignore attributes on the choice cards and use a simplifying choice heuristic. A higher level of knowledge regarding the good significantly affected the probability of attending to two out of four attributes, but in different directions. Our results imply that choice modelling practitioners should be aware that information provided prior to the discrete choice experiment increases knowledge, which could affect the degree to which attributes are ignored. More research is needed to fully understand a priori what type of information affects attendance and in which direction. Understanding this is crucial to reduce attribute non-attendance and obtain more precise willingness-to-pay estimates.
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